In order to solve the gap and accuracy in the analytical methods of the resilience of a regional agricultural water resources system, a suitable evaluation index system based on the optimal index model was introduced and applied to the 15 farms in the Jiansanjiang Administration of Heilongjiang Province of China. An improved support vector machine (SVM) was used to analyze the resilience level of each farm for the selected time period. The test results showed that the indicator optimization model had the advantage of eliminating redundant indicators and ensuring the maximum content of screening indicators. The indicator system reflected all original information by 34% of initial indicators. The results showed that the particle swarm optimization-support vector machine (PSO-SVM) model had higher accuracy for the evaluation of agricultural water resource resilience through the analysis of stability and reliability of each model. The spatial pattern of resilience over selected farms was generally characterized by 'low in the southwest and high in the northeast'. The research achievements may provide technical and theoretical support for solving problems of index optimization and analysis methods of system resilience, and have an important theoretical and practical significance for promoting the sustainable development of regional agricultural water resources systems.
INTRODUCTION
Agricultural water resources are an important part of agricultural production and a significant fundamental resource that supports the sustainable development of a region's economy (Liu et al. ) . Due to human activities directly or indirectly (Liu et al. ) interfering with water resources used for agriculture, a series of ecological and environmental problems have occured. The gap between the supply and demand of agricultural water is increasingly prominent. Therefore, it is of great significance to carry out research on the resilience of regional agricultural water resources systems to ensure agricultural production. improved AHP, to evaluate the recoverability of the water environment system in the middle and lower reaches of the Hanjiang River. Although the above methods of evaluating resilience have made some progress, they have certain deficiencies: the ENA method lacks the unified rules of system boundary division, and there is still the lack of a reasonable method to deal with non-stationary networks.
The AHP is affected more by people. Variable fuzzy theory cannot consider the influence of correlation between indicators on evaluation results. The GIS technology evaluation process is too dependent on experience or simple formulas and there is no absolute best calculation basis.
In summary, the research on the methods of resilience diagnosis is still very weak, and the guiding effects of the resilience diagnosis results on practice need to be strengthened, to resolve the deficiencies of the above methods.
The objectives of this study are as follows:
(1) Construct a suitable evaluation index system for agricultural water resources system resilience based on the optimal index model.
(2) Improve the support vector machine (SVM) evaluation model, and determine the level of agricultural water resources system resilience.
(3) Assess the stability and reliability of the evaluation model of agricultural water resources system resilience.
MATERIALS AND METHODOLOGY

Study area
The Jiansanjiang Administration (including 15 farms) is 
Positive indicators:
Negative indicators:
where g ij is the normalized value of the ith index and jth
year, O ij is the jth year and the ith index value, and Nag ); the formula is: The coefficient of variation: The larger the coefficient of variation of the indicator, the greater the information content (Das & Nag ) . The formula is:
where H j is the coefficient of variation of the jth index, n is the number of objects being evaluated, h j is the average value of the data, and h ij is the value of the jth year of the ith index. hyperplane is set up as follows:
Improved support vector machine
where x i is the m-dimensional coordinate and y i is the value of x i .
In order to ensure the maximization of the distance between the samples, a regression function f is defined as:
and the relaxation factors ξ i and ξ Ã i are introduced; the constraints are as follows:
Similar to the idea of the original problem, this is changed into an optimization problem as follows:
Its dual problem by using the Lagrange function optimization method is:
where α i is a Lagrange operator. The optimal conditions are as follows:
After solving for α i , the optimal hyperplane is determined.
However, in order to search the global optimal values of the two parameters C and g in a larger range, the particle swarm optimization (PSO) algorithm and global optimization are introduced (Shi et al. ). During each iteration the updated formula is:
where ω is inertia weight, k is the current iteration, V id is the speed of the particle, c 1 and c 2 are acceleration factor constants, and r 1 and r 2 are random numbers over [0,1].
The steps in the PSO-SVM model are as follows.
Step 1: Initialize algorithm parameters, which include setting global and local search capability parameters, maximum iterations (I max ), maximum population (N max ), and inertia weight (W ).
Step 2: Determine the search scope of the optimal penalty factor C and kernel function parameter g in SVM,
randomly generate the position P (P i1 , P i2 , P i3 ,…P in ) T and velocity V (V i1 ,V i2 ,V i3 …V in ) T of the particle, then obtain the initial fitness value.
Step 3: The fitness value is calculated by Equation (15).
If the initialization parameters C and g satisfy the error requirements, the result is obtained. Otherwise, the position and velocity of the particle need to be updated by Equations (13) and (14).
Step 4: Determine the optimal penalty factor C and kernel function parameter g, then use the SVM model to predict the test sample. The flow chart of the improved SVM is shown in Figure 2 .
Evaluation method of resilience measurement results
Spearman correlation coefficient (R): According to the theory of serial number summation (Lv ), the Spearman correlation coefficient is used to analyze the grade results.
The formula is as follows:
where C i represents the difference value between the ordering result and the reasonable ordering result of object i, and n is the total number of evaluation object i.
The theory of distinction degree (D): D is one of the effective methods to measure the reliability of evaluation methods (Zhou et al. ) . D is defined as follows:
The formula after normalization is simplified as: After screening, 17 indicator data were retained. The direction of the data was also defined; the positive indicator (' þ ') and the negative indicator (' À '), as shown in Table 1 .
The water resources system is clustered into five categories taken as an example to illustrate the clustering process. The original data were substituted into Equations
(1) and (2) 
Determine the evaluation criteria
In view of the lack of a unified international standard for the grade standard of evaluating indicators for the resilience of agricultural water resources, we referred to previous studies and considered the local situation ( destroyed, it will be difficult to restore balance. Grade II: it can be restored after being affected by external influences, but its speed is slow. Grade III: the regional water resources system is stable, and it can be restored after being affected by external influences. Grade IV: the regional water resources system is very stable and can quickly recover its balance after being affected. Grade standards are shown in Table 2 .
Analysis of resilience evaluation
Using the improved SVM, the standard data in Table 2 were trained and the sample data were subjected to regression prediction. In the modified model, the range of penalty parameter C and kernel parameter g needed to be set as follows:
C within [0.1, 100] and g within [0.01, 1000]. Iterative optimization is performed by updating the position P and velocity V of the particle, and the training results were: bestC ¼ 32, bestg ¼ 2. MATLAB2016R was used to write a program called SVM-train to train a random learning sample of libsvm toolbox, and substitute the optimal penalty parameter bestC and optimal kernel parameter bestg into the model. Table 2 were normalized, and the normalized data were substituted into the above-prepared PSO-SVM evaluation model to obtain simulation intervals at each grade. Simulation intervals of The values of the optimal evaluation indicators for the farms of Table 2 were normalized according to Equations
The critical index values of each level in
(1) and (2), and the normalized data were brought into the constructed PSO-SVM evaluation model. The simulated values of the farms were obtained, as shown in Figure 3 .
According to Figure 3 , the spatial pattern of overall resilience is generally characterized by 'low in the southwest and high in the northeast'. The resilience grades of Farm which is close to the lower limit of Grade III, indicating that the agricultural water resource resilience of the two farms is deteriorating toward Grade II. The resilience grades of the agricultural water resources of Farm Honghe and Farm Nongjiang are Grade IV: the regional water resources system is very stable and can quickly recover its balance after being affected.
DISCUSSION
In order to assess the objective condition of water resource resilience, the four evaluation methods of the variable fuzzy set, the technique for order of preference by similarity to ideal solution (TOPSIS) model, SVM model, and PSO-SVM model were used for comparison, as shown in Table 3 .
According to the evaluation results in Table 3 , the evaluation results of the PSO-SVM model, SVM model, variable 
CONCLUSIONS
(1) In this paper, the method of R-clustering and variation coefficients was used to solve the repeatability and randomness of primary indicators. From the 50 primary indicators, a total of 17 indicators were selected to establish an evaluation index system for the resilience.
(2) Using the improved SVM model to evaluate the water resource resilience, the water resource resilience grade of II accounts for 53.33% of the total number of farms.
The spatial pattern of overall resilience is generally characterized by 'low in the southwest and high in the northeast'. (4) The evolutionary trend of future resilience is an important basis for strengthening the restoration capacity of agricultural water resource systems. Hence, knowing the best method to use to reasonably filter the key drivers of resilience and then predict the resilience of an agricultural water resources system is valuable for further study.
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